ABSTRACT Internet-of-Things (IoT) will connect billions of smart devices and generate inundant data through prominent solutions, such as machine type communication. The Third Generation Partnership Project has launched the corresponding standards for multiple heterogeneous wireless smart devices in the long term evolution (LTE)/LTE-advanced. In the forthcoming years, the valuable information hidden in the deluge of data will be extracted and utilized in every field to improve quality and efficiency. However, the bottleneck of realizing this magnificent vista of future intelligent lives lies in how to satisfy the practical demands to transmit huge data volume through efficient wireless communication in diverse scenarios. Herein, multi-scenario wireless communication triggers critical problems in wireless channel modeling and soundings for 5G IoT, which by far, are understudied. In this paper, we introduce a general wireless channel model and its multiple up-to-date corresponding channel sounding methods for future 5G IoT green wireless communication. Through adopting the perspective of wireless big data excavation, the smart channel sounder transforms the traditional passive wireless communication scheme into an active expectation-guaranteed wireless communication scheme, which helps achieve efficient and green communication. To demonstrate the validity and efficiency of this smart sounder scheme, we make a compatible prototype testified in multiple scenarios. The multiple real-scenario experiments demonstrate that the smart sounder can function effectively, especially in those scenarios where traditional channel state information is not available or imperfect.
I. INTRODUCTION
Inundant data is being continuously generated not only by traditional personal computers, tablets and smart phones, but also by ever-growing smart devices like sensors, decisionmaking devices and other miscellaneous electronic admeasuring apparatuses that are indiscriminately connected to the internet, which triggers the advent of the Internet-ofThings (IoT) era. According to the authoritative prediction conducted by Gartner Inc. [1] , more than 26 billion smart units will be connected by the year of 2020 as part of the IoT. Each IoT device is deemed as a basic function unit of an integrated cyber-physical ecosystem, which is capable to independently or cooperatively execute multiple tasks after the valuable information is exploited out from the inundant raw data generated by massive IoT devices [2] . Therefore, IoT is a promising integration system to nurture economy growth and facilitate future personal life, which can be applied in city-wide facilities and institutions like smart grid, manufacture industry, medical industry, transportation, etc. However, realizing such a magnificent vista of future intelligent life requires revolution on diverse advanced technologies such as communication, data mining, etc. In this paper, we focus on the new channel sounding method for future 5G IoT since efficient and stable wireless communication is the bottleneck for volumes of data transmission, where we define 5G IoT as the internet-connected devices utilizing next generation communication techniques to transmit data. It is estimated that by 2020, the total data generated by IoT devices will exceed 4.4 ZB (zettabytes) [3] .
One of the promising solutions for Machine-toMachine (M2M) communication is Machine Type Communication (MTC) which is capable to connect diverse IoT devices. Unlike traditional Person-to-Person (P2P) communication scheme, the design and application of M2M communication like MTC encounters new challenges in IoT scenario. The IoT devices may be deployed in wide geographical ranges to certain places that people rarely get to where the communication scenarios varies a lot. Therefore, traditional channel modeling methods may not cover all the possible scenarios. For example, sensor networks can be installed widely in the open air, the wireless channel under this situation may not be traditional Rician channel or Rayleigh channel.
Aiming to address the aforementioned problems, we introduce a general channel model -Nakagami-m fading channel. Up to now, the Nakagami-m fading model is a prominent candidate for future broadband green wireless communication system for its superior performance since it is more versatile in characterizing various fading channels than Rayleigh and Rician fading [5] , [6] according to its definition. It is well known that the probability density function (pdf) of Nakagami-m distribution is [7] :
and its k-th moment is
thus,
where R is a random variable obeying Nakagami-m distribution and (·) represents the standard Gamma function.
= µ 2 = E[R 2 ] is the second moment. In particular, for m = 0.5, the Nakagami-m fading is identical to onesided Gaussian fading. For m = 1, the Nakagami-m fading is degraded into Rayleigh fading. For m = (K + 1) 2 /(2K + 1), the Nakagami-m fading approximates Rician fading with a parameter K . For the case m = ∞, it stands for no fading.
Apart from channel modeling, the biggest challenge comes from the enormous data requiring transmission service from huge number of different IoT devices. Dedicated communication system for P2P communication that supports high-data rate and latency-intolerant service may not entirely suitable for MTC since the massive data transmission is delay-tolerant and high-data rate is not always indispensable, which enlightens us to redesign the channel sounding scheme according to the different transmission requirements.
Energy-saving is another crucial issue for MTC because the build-in battery of wide-deployed IoT devices is constrained. It is true that due to the limited energy, most of the IoT is in transmission-sleep mode for most time and the data amount per transmission is relatively small that it is not efficient to detect the channel for small size of data per transmission. Besides, the installation places of IoT devices may be like underground parking sites where the penetrate loss is severe, which leads to low signal-to-noise ratio (SNR) due to limited transmission power. Therefore, instant channel detection may not be indispensable since it will consume more energy due to frequent channel detections and the estimation results may not be perfect due to the low SNR actuality.
However, for certain IoT devices, they are installed in fixed locations once they are deployed. If the statistical channel fading information (CSI) in those scenarios can be acquired through estimating the m value of Nakagami-m fading, the channel quality can be forecasted and evaluated according to the obtained statistical m value before the data transmission. Since the ready-to-transmit data is delay-tolerant, it is favourable to transmit the same amount of data with lower power consuming when the channel is in good condition (i.e relatively large m value and relatively high SNR). Therefore, the communication scheme changes from conventional 'blind' communication, where the CSI is not know before transmission but through frequent and instant channel detections, to sorts of 'smart' green communication, where the CSI can be predicted through analyzing the statistical data [8] .
Consequently, to realize such a 'smart' green communication scheme lies in how to efficiently obtain the accurate statistical m value in IoT scenarios. According to the literature, accurate m parameter estimation of Nakagami-m fading channel under certain scenarios has been studied [9] - [14] . It is proved that the acquirement of statistical m parameter is crucial for a large range of possible potential industrial designs and service optimizations of IoT devices [15] - [17] , especially when considering the effect of fading index m value on the wireless channel capacity estimation [18] . Therefore, if the statistical properties of m value of certain scenarios of interests are pre-studied as [19] , it would be better to design wireless transmission schemes for diverse content-aware transmissions [20] by taking advantage of the m value in advance, especially for those critical scenarios where conventional approaches [21] for instantaneous CSI are not always available or imperfect [22] . In brief, the m value is an indicator of the channel fading degree and is valuable for the appropriate customization and deployment of IoT devices.
Previous works [23] - [28] on the estimation of m parameter mainly focused on developing estimation algorithms in high SNR regime by ignoring the system implementation complexity, usually, this leads to superior in-lab testing performance but potentially inferior real-time real-scenario estimation performance. Moreover, in-lab software simulation can neither acquire real m value nor verify the validity of the estimation algorithms. Up to now, few works have successfully implemented and tested the off-the-shelf m parameter estimation algorithms in real-scenario estimations to prove their validity and efficiency [29] .
In this paper, we introduce Nakagami-m fading model into 5G IoT scenarios, based on which we endeavour to upgrade the conventional 'blind' communication into expectationguaranteed 'smart' green communication through mining the statistical m value for channel fading information. Through VOLUME 4, 2016 analyzing diverse estimation methods, we find out that our proposed estimation algorithm for m value under low SNR regime can function well in 5G IoT scenarios. To further verify the validity and feasibility of this smart sounding method, we made a prototype of this smart channel sounder, which is mainly implemented on FPGA associated with a graphic user interface (GUI) design. Besides, a general hardware framework for a quick verification and application of the validity of other newly invented estimation algorithms for m parameter are presented as well, which makes both the acquirement of real m parameter and the performance upgradation of related algorithms in 5G IoT scenario sounding feasible. The hardware prototype owns an up-to-date estimation accuracy with flexible scalability and wide working frequency band ranging from 400MHz to 6GHz. The reasonable complexity level with adjustable estimation accuracy makes the total estimation time short enough so that this prototype is applicable to 5G IoT scenarios to obtain the statistical channel state information where conventional approaches are incapable. The acquired statistical m data can be directly utilized in transmission scheme designs, optimal location distribution of IoT devices and optimal transmission power allocation.
The remainder of this paper is organized as follows. Section II introduces the related diverse estimation methods on the m parameter, the related works on smart sounding prototype. Section III presents prototype details containing the detailed FPGA implementation and the general hardware framework design. In Section IV, the multi-scenario estimation results and hardware framework evaluation are presented. In Section V, we give out two potential application scenarios where this smart channel sounder can be applied. Finally, Section VI concludes the paper with a brief outlook for future work.
II. RELATED WORKS
Common m parameter estimation algorithms over softwarebased simulator falls into two categories, namely the moment-based algorithms and the maximum-likelihood (ML) based algorithms, each possessing its own merits and drawbacks.
For moment-based algorithms, Cheng and Beaulieu [10] proposed the first moment-based method to estimate the m parameter of Nakagami-m fading in 2001. To obtain precise results, the simulation requires a large number of samples. Besides, the estimation fluctuates intensely in the low SNR regime [11] . Tepedelenlioglu and Gao [13] presented a novel integer moment-based estimator which considered both the estimation adaptation and the computational complexity. A more generalized method of moment-based (GMM) algorithm introduced by Wang et al. [14] achieved nearly identical asymptotic performance with ML-based estimation. However, this algorithm is very complicated and therefore is unlikely to be applied to real-scenario estimations.
For ML-based algorithms, Cheng and Beaulieu [12] firstly proposed an ML-based estimation algorithm for m parameter estimation of Nakagami-m fading. The simulation results indicated that the biases of this algorithm are relatively small and close to the Cramer-Rao lower bound. However, most ML-based algorithms had an underdeveloped performance in low SNR regime. To address this issue, an estimation algorithm combining ML-based and moment-based method was proposed by Liu et al. [30] . By taking the noise information into account, the proposed algorithm has much better performance than previous known algorithms especially in low SNR regime.
For other uncommon algorithms, Yip and Ng [24] put forward a simulation model for the Nakagami-m fading under the condition m < 1, which is conducted by employing a square-root-beta process and a complex Gaussian process. Chai and Alouini [28] presented a software-based m parameter estimator with potential applications of m parameter that aimed at optimizing the power allocation in the case when the instant CSI estimation was imperfect.
It is worth mentioning that few works had contributed to the prototype-making of related estimation and variate generation of Nakagami-m fading, due to complexity of hardware design. Alimohammad et al. [31] put forward an FPGA-based hybrid hardware variate generator for both Nakagami-m and Weibull distributions. Maletic et al. [32] proposed a hardware assessment method of impairments concerning Nakagami-m fading. However, the prototype-making of the m parameter estimation was not considered especially for 5G IoT scenario.
III. THE SMART CHANNEL SOUNDING PROTOTYPE
This section introduces the detailed implementation process and the hardware framework design of the smart channel sounding prototype. The implemented estimation algorithm is mainly based on Liu et al. [30] compared with other classical methods because this algorithm outperforms any other existing algorithms in low SNR regime. The main object of this prototype is to implement a hardware platform that can both actually measure the m value in real-scenario estimations and verify the newly-proposed m parameter estimation algorithms quickly. Therefore, the proposed prototype benefits the design and application of IoT devices in terms of installation, operation, and other side information.
A. TRANSMISSION SYSTEM MODEL
The wireless transmission baseband model can be expressed as:
where h i and r i denote the large-scale attenuation and smallscale fading channel gains, respectively. n i represents the independent and identically distributed additive white Gaussian noise which obeys N (0, σ 2 ), σ 2 > 0. x i is the length-N training symbol and r i is a Nakagami-m distributed variable which is the main concern in this paper.
In the real-scenario estimation of 5G IoT scenarios, the channel gain h i usually remains unchanged during channel coherent-time, even in high-mobility scenarios. Thus, both 
whereỹ i denotes the normalized received signal samples and
) is the normalized noise samples, which obeys the Gaussian distribution. Fig. 1 illustrates the block diagram of the implemented m parameter estimation algorithm on FPGA. The overall architecture consists of three parts: signal generating and sample receiving module, correction factor calculation module and m parameter estimation module.
B. FPGA IMPLEMENTATION OF m PARAMETER ESTIMATION
The signal source x i is a pre-known signal with fixed pattern which plays a similar role as the pilot used in the CSI estimations. In particular, this pattern can be altered to adjust the estimation accuracy according to diverse scenario requirements.
In the correction factor module, it mainly calculates the correction factor τ , which is extracted by taking advantage of the noise information. To be specific, the first up to the fourth moments ofỹ i are calculated for later calculation. Afterwards, the eigenvalue equation is solved using the dichotomy method to acquire the correction factor in the labeled DSE part. Finally, the correction factor τ is generated with the help of signal source x i .
The estimator module is the final stage to calculate the estimated m value with stored information such as the signal source x i , the correction factor τ and the normalized received sampleỹ i . The corresponding estimation algorithm can be expressed as:
whereŷ i =ỹ i + τ . Under the supervision of memory controller, all the aforementioned three modules of the estimation can freely access to the external memory. Besides, the GUI module in Fig. 2 serves as a control terminal and a dynamic output display platform. The estimation results are displayed in terms of both curve graphs and statistical tables, which will be illustrated later.
C. ESTIMATION PROCESS FOR m PARAMETER
Most of conventional approaches for m parameter estimation ignore the noise factor whereas the algorithm implemented in this paper considers it as a valuable side information. Therefore, before the estimation process for m parameter, the noise power spectrum of the environment needs to be estimated. The promising methods can either be what is described as in Gholizadeh et al. [27] or just through manually dysfunctioning the transmission parts for several frames. After careful comparison of the estimation performance of the two methods, the later one is chosen since it will not introduce extra systematic complexity and meanwhile maintain the same performance within a short period of estimation time which is crucial in 5G IoT scenarios estimation for m parameter.
The estimation process for one-time estimation is illustrated in Fig. 3 . The first step is to evaluate the environment noise and the second step is to estimate the m value. Both of the two processes are performed under the supervision of the GUI terminal. Since the channel gain can be fast time-varying and extremely unstable for disparate scenarios, for the sake of estimation accuracy and meanwhile considering estimation duration, the noise power density is estimated for multiple times in this prototype to average out the fluctuation.
D. GENERAL HARDWARE FRAMEWORK DESIGN
In consideration of enabling this prototype to easily update the improved estimation algorithms while in the future conveniently comparing the performance of diverse algorithms on the same prototype, it is favorable to design a more general hardware framework for m parameter estimation of Nakagami-m fading channel. To the best knowledge of the authors, this is the first general m parameter estimator prototype that can be directly utilized by other researchers studying the same topic. With this general hardware design, the verification process of any newly invented estimation algorithms is much more convenient and also is more compatible with real m value in real-scenario estimation.
The main parts of top-level block diagrams of the hardware framework design are illustrated in Fig. 2 , which are mainly composed of four parts: the FPGA module, the hardware board module, and the general interface and control terminal with GUI. The FPGA part is mainly responsible for generating training symbols and other indispensable transformations of baseband signals. The hardware part is mainly responsible for indispensable signal transformations between radio frequency and media frequency. The general interface possesses four main functions, namely, the estimation parameter control for m parameter estimation process, the input/output (I/O) VOLUME 4, 2016 FIGURE 2. General hardware framework design. data stream control, the FPGA initialization configuration control and the hardware initialization and estimation configuration control. The aforementioned interface is integrated in the GUI which controls the whole estimation process. Moreover, the match filter and down sampler parts are designed for the consideration of various data types required by other parameter estimation algorithms.
Other developers of m parameter estimation can easily replace the algorithm part with software-based algorithm in programming language to verify the validity of newly invented algorithms rather than converting them into FPGA design which is time-consuming. After the performance is positively confirmed, the developer can complete the design with hardware realization and replace the software-based algorithm with FPGA design to accelerate the estimation speed according to the diverse scenarios. 
E. THE DESIGN FOR MULTIPLE-INPUT-MULTIPLE-OUTPUT (MIMO) ORTHOGONAL-FREQUENCY-DIVISION-MULTIPLEXING(OFDM) SYSTEM
For those who need to conduct the estimation for the m parameter in MIMO-OFDM systems, the corresponding framework and interface design are illustrated in Fig. 2 as well. This is a demo for a 2×2 MIMO-OFDM system which can be readily expanded to multiple antennas. The channel selection module plays a key role of channel selector where only one antenna is required in the real-scenario estimation, which is also controlled by GUI. One practical problem is that the filter in hardware part cannot recognize signals with 15 KHz interval. However, the validity of this design can be proved through independent parallel estimations over different frequency bands such as 2.4GHz band and 2.5GHz band in Table I .
F. GUI DESIGN
The designed GUI interface is illustrated in Fig. 4 . The GUI can display the estimation results dynamically, which is very convenient for estimators to observe the performance of the implemented algorithm synchronously, especially in realscenario testing. The GUI helps to draw a brief conclusion on the fading degree. For conventional approach, however, plots can only be obtained when all the estimation procedures have been completed.
The estimation configuration parameters like working frequency range and training signal length can be initialized through this GUI. Meanwhile, the GUI allows the operator to start/pause the estimation process and to load/save the estimation results in several forms.
G. RECONFIGURATION AND COMPLEXITY
The working frequency range options are presented in TABLE I. Diverse filter combinations will be enabled according to the configuration on the GUI. The constellation mapper possesses the choices of Quadrature Phase Shift Keying (QPSK), 16 Quadrature Amplitude Modulation (QAM) and 64QAM. Other detailed reconfigurations such as amplifier settings and training sequence length settings are omitted.
Except for the aforementioned performance reason, the original motivation to implement this m parameter estimation algorithm rather than other algorithms lies in the tradeoff between comparative low computational complexity and system performance. The computational complexity of this implemented algorithm to measure correction factor is O(N log M ), where N stands for the training symbol length and M represents a parameter concerning equation solving accuracy with dichotomy. The residual computational complexity that comes from m parameter estimation is O(N ). Therefore, the total computational complexity is O(N log M ) + O(N ) which is equal to O(N log M ). Other methods to diminish systematic computational complexity includes replacing floating point arithmetic with fixed point arithmetic. Moreover, the estimation time for noise power density and the setting for training sequence length can be accordingly adjusted. 
IV. MULTI-SCENARIO ESTIMATION RESULTS
The algorithm for m parameter estimation has been implemented with VHDL and Verilog hardware description language. Besides, the hardware framework has been realized with certain scripting languages. The FPGA is equipped with two DDR3-800 EDD RDIMM and the resource consumption is comparatively low. Since future updating is also considered, the implementation is flexible for potential improvements and the initialization parameter will be configured through GUI. Therefore, this framework is a state-of-the-art m parameter estimation prototype.
The detailed adjustable parameters of this prototype are given by TABLE III. These parameters can be altered through the designed GUI according to specific requirements from the user or the scenario. It should be emphasized that if the estimated m value is less than 0.5, the estimation is invalid by the definition of the m parameter.
A. SOFTWARE VS. HARDWARE ESTIMATION RESULTS
Due to the fact that this is the first and state-of-the-art prototype for m parameter estimation of Nakagami-m fading, it is inevitably necessary to evaluate the performance of the proposed estimation method by comparing the hardware estimation results with software simulations. constant variation of the real channel state. Fig. 6 depicts the probability density distribution of Nakagami-m fading and the real-scenario estimated fading, which indicates a high fitness between hardware estimation and software simulation. 
B. HIGH-SNR VS. LOW-SNR ESTIMATION RESULTS
The estimation results in different SNR regimes are respectively illustrated in Fig. 8 and Fig. 9 to verify the proposed algorithm in different conditions. The estimations are conducted in 2.4GHz band for 50 times in both of the two cases, where low SNR regime stands for SNR<0dB and high SNR regime stands for SNR>5dB.
In the high SNR regime, the estimation results for two moment-based algorithms [10] , [13] fluctuate a bit whereas the implemented algorithm [30] performs more stably. The ML-based algorithm [12] possesses nearly the same performance with that in [30] . Because the implemented algorithm [30] extracts additional channel information as a compensation from the received noise information, the estimation result is a little larger than that of [12] , which is more obvious in low SNR case. However, for two moment-based algorithms, the results in low SNR regime are unsatisfactory while the results of the two algorithms are acceptable. Several invalid estimations may occur which make some algorithms not work well in the low-SNR regime. 
C. IN-DOOR VS. OUT-DOOR ESTIMATION RESULTS
To test the versatility of this prototype in diverse scenarios which may also be the two typical communication scenarios for IoT devices, another control experiment is conducted. The antenna distance and other parameter configurations are the same and the results are exhibited in Fig. 10 and Fig. 11 , respectively. In the indoor estimation, due to multiple barriers and interference from other wireless devices working on the same frequency band, the estimated average value of m is smaller than that of the outdoor estimation. The implemented algorithm still outperforms the two moment-based algorithms which have a little fluctuations.
In the outdoor estimation, the four algorithms have a much more similar performance and reasonable fluctuations. The average value of m is around 2.6, which indicates a medium fading severity.
D. DIVERSE FREQUENCY BANDS ESTIMATION RESULTS
This estimation is conducted for two purposes as illustrated in Fig. 12 and Fig. 13 . The first one is to verify the large estimation range of diverse frequency bands. The second one is to conduct a potential trial for MIMO-OFDM systems under filter restriction.
The estimation results indicate that under the same conditions, the fading is much severer for the 5GHz band than that for the 2.4GHz band. This is consistent with the fact that the propagation distance for high frequency wave is much shorter than low frequency waves under the same transmit power constraint. Therefore, the validity of the estimation results is verified to some extent.
As to the MIMO-OFDM systems, the parallel estimation over different frequency bands can guarantee an acceptable estimation performance in each sub-channel.
E. TWO-DIMENSIONAL HEAT MAP OF m PARAMETER
As a simple example of the potential applications of this implementation and hardware framework in the future, multiple real-scenario estimations are conducted to acquire these heat maps of m parameter as illustrated in Fig. 14 . Fig. 14(a) and Fig. 14(b) are conducted in diverse frequency bands in the morning, where the transmitter is placed at the center of the laboratory. To attain each map, 100 time repeated estimations at diverse spots are conducted with equal spatial distance. According to the acquired data, simple intuitive conclusion can be drawn from the heat map indicates that fading in section C is much better than that in three other sections due to multiple indoor barriers. For the lower frequency band, the fading in section A, B, and D are much better than those in higher frequency band.
Another bigger heap map is illustrated in Fig. 14(c) . Owing to the restriction of limited antenna wire, each section is independently estimated with the transmitter placed in the center. With a quick glance of this map, one can tell the general fading degree of each section and make decisions about the distribution of wireless device. This map is beneficial in a much larger scenario, e.g. an m parameter heat map of one base station transmission range, or an m parameter heat map along the route of high-speed railway, which can statistically estimate the wireless channel capacity and therefore distribute the base station accordingly.
F. COMPLEXITY AND ACCURACY EVALUATION
Through altering the training sequence length (TSL) and noise estimation times (NETs), the estimation duration (ED) and statistical variance of the implemented algorithm are illustrated in TABLE 4. According to the estimation statistics, the variance can be reduced to a certain level with a larger TSL or multiple NETs whereas the ED is several times longer. Moreover, it is suggested to adopt 1024 bit TSL in realscenario estimations especially for fast time-varying fading channel and the NETs sets according to the estimation environment.
G. GUI DISPLAY
The estimation results over the designed GUI of different frequency bands are exhibited in Fig. 15 . These two estimations are conducted with receiver moving horizontally. In this case, the estimators can observe the variation of the m parameter and make appropriate configuration modifications accordingly. For other cases, the GUI can dynamically export and display the estimation results as well. Fig. 16 illustrates the FPGA implementation which is integrated in the white box in Fig. 17 . The FPGA implementation has been designed with most common components e.g. DSP so that it is convenient to immigrate this design to other FPGA devices.
H. IMPLEMENTATION AND FRAMEWORK DESIGN RESULT
This framework design is portable to conduct field estimations with two transmit channels and receive channels for parallel estimations. Most importantly, other developers of m parameter estimation algorithm can quickly and effectively verify the validity of the proposed algorithm, making some modifications accordingly. 
V. APPLICATION CASES A. CASE ONE
If IoT devices are deployed in sites similar to our lab, the first thing we can do is to place the IoT devices in the location with good statistical fading condition according to the acquired m value as illustrated in Fig. 14 . After the IoT devices are installed, the devices can store the ready-to-transmit data in buffer first and wait for the predicted good channel state to transmit data. For example, the interference in our lab is serious when it is daytime due to multiple user access in the same frequency band. Therefore, it is a good choice to transmit data in nighttime which is also can be predicted through statistical sounding and analyzing the acquired m value.
B. CASE TWO
As demonstrated, the installed algorithm functions well in low SNR regime which is suitable for the wide massive deployment of IoT devices. Here, we present another potential application case of this smart channel sounder. In mobility scenario, especially in high-speed railway scenario, the efficient acquisition of perfect or imperfect CSI is nearly impossible due to the complexity of the diverse scenarios that one train may encounters, where the channel is fast time-varying and frequency-selective fading. According the real-scenario estimation [33] that the channel coherence time is less than 1ms, which makes the real-time channel tracking extremely hard. Besides, as illustrated in Fig. 18 , the dramatic fluctuation of the average received signal-to-noise ratio (SNR) caused by the high mobility of the train largely degrades the performance of the conventional channel estimation methods especially near the edge area of the base station (BS) coverage. The aforementioned problems challenges the traditional channel sounding method with multiple difficulties. Even if the traditional method can function anyhow, it is not efficient and economy to apply it considering the tradeoff between complexity and performance.
However, If the statistical m value along the rail is precognised through utilizing this prototype as in Fig. 17 , the statistical channel capacity information can be predicted. If the statistical channel sounding results of certain area along the rail is always bad, the IoT devices onboard can store the data in buffer until the channel is predicted to be good or the data can be transmitted before the train reaches those area. Therefore, the smart channel sounder can ameliorate the drawbacks of traditional 'blind' communication with channel qualifyguaranteed 'smart' green communication, which is beneficial to the transmission scheme design accordingly [34] - [36] and consequently save energy.
VI. CONCLUSION AND FUTURE WORK
A smart channel sounder and its prototype for 5G IoT devices has been presented, which can acquire the statistical m value of diverse scenarios. Through analyzing the historical channel state information, conventional 'blind' communication can be updated to 'smart' transmission-efficiency guaranteed green communication, which can optimize the transmission scheme according to the m value and consequently save energy for IoT devices. Diverse m parameter estimation algorithms have been tested on the designed prototype in multiple-scenarios to simulate the 5G IoT scenarios, which exhibits a good performance in different real-scenario estimations. The recommended algorithm possesses a superior performance in low SNR regime among all the existing methods through additionally introducing noise information as a compensation in the estimation process. The up-to-date general hardware framework with corresponding GUI design and wide estimation frequency ranges makes this prototype versatile in verifying and updating other m parameter estimation algorithms VOLUME 4, 2016 quickly. The estimation duration is considered appropriately in this design with a tradeoff against estimation accuracy according to diverse estimation environments.
Several potential applications of this prototype over different scenarios have been proposed which can be beneficial to the design, transmission strategy optimization and the appropriate spatial distribution selection of IoT devices.
Future work includes two possible directions. The first direction is to keep developing the m parameter estimation algorithm and quickly verifying it on this designed prototype. Second, since this prototype can be massively installed over the city, the acquired statistical m data can be city-wide, which can be achieved through customized smartphone applications. The acquired data should be well-studied and utilized to optimize the overall performance of both the 5G IoT systems and IoT devices design in the perspective of wireless big data. His current research interests include wireless and mobile networks, broadband wireless access, cooperative communications, cognitive radio, OFDM, CDMA, and Beyond 3G systems. In these areas, he has authored over 300 journal and conference papers and given invited keynote talks as well as courses all over the world. 
